Abstract. Colorectal cancer (CRC) is one of the most frequently occurring malignancies worldwide. The outcomes of patients with similar clinical symptoms or at similar pathological stages remain unpredictable. This inherent clinical diversity is most likely due to the genetic heterogeneity. The present study aimed to create a predicting tool to evaluate patient survival based on genetic profile. Firstly, three Gene Expression Omnibus (GEO) datasets (GSE9348, GSE44076 and GSE44861) were utilized to identify and validate differentially expressed genes (DEGs) in CRC. The GSE14333 dataset containing survival information was then introduced in order to screen and verify prognosis-associated genes. Of the 66 DEGs, the present study screened out 46 biomarkers closely associated to patient overall survival. By Gene Ontology and Kyoto Encyclopedia of Genes and Genomes pathway analysis, it was demonstrated that these genes participated in multiple biological processes which were highly associated with cancer proliferation, drug-resistance and metastasis, thus further affecting patient survival. The five most important genes, MET proto-oncogene, receptor tyrosine kinase, carboxypeptidase M, serine hydroxymethyltransferase 2, guanylate cyclase activator 2B and sodium voltage-gated channel a subunit 9 were selected by a random survival forests algorithm, and were further made up to a linear risk score formula by multivariable cox regression. Finally, the present study tested and verified this risk score within three independent GEO datasets (GSE14333, GSE17536 and GSE29621), and observed that patients with a high risk score had a lower overall survival (P<0.05). Furthermore, this risk score was the most significant compared with other predicting factors including age and American Joint Committee on Cancer stage, in the model, and was able to predict patient survival independently and directly. The findings suggest that this survival associated DEGs-based risk score is a powerful and accurate prognostic tool and is promisingly implemented in a clinical setting.
Introduction
Colorectal cancer (CRC) is currently one of the most commonly diagnosed cancers worldwide, with an estimated 1.4 million cases and 693,900 deaths occurring in 2012 (1) . It is much more prevalent in Europe and Northern America than the developing countries, which however is also rising in the last decade (2) . Though many advances have been achieved in the clinical management of CRC, the 5-year survival is usually only approximately 55% (3) . Surgical resection remains the primary means of curative treatment. However, a proportion of patients will develop local recurrences and metastases thus having a poor prognosis after resection. Moreover, the outcomes of patients with similar clinical or pathologic stage remain unpredictable, especially when they are treated similarly (4) . This inherent clinical diversity is most likely due to the genetic heterogeneity of each patient (5) . Therefore, identifying the diversity in the genetic profile of colorectal carcinoma that governs the prognosis as well as accurate risk evaluation based on genetic screening would lead to new and more effective clinical strategies in decision making.
Microarray technology allows comprehensive analysis of gene expression profiles in different diseases, which has been demonstrated in a variety of hematological tumors and solid tumors including lung (6) , liver (7) , pancreas (8) , and breast (9) . Biomarkers discovered by microarrays have a great potential in the prediction of clinical outcomes and survival as well as classification in different sub-types (10) (11) (12) . However, several reported survival-related biomarkers in CRC are not well performed when their ability was assessed in independent datasets (13) (14) (15) and/or standardization. This may be related to un-optimized parameters, different technique platforms, and small volume of samples. So an integrated strategy to combine several specific biomarkers together, which are verified by multiple data source, may be feasible in predicting CRC risk and prognosis.
In the present study, we identified and verified 66 differentially expressed genes (DEGs) between CRC and normal tissue by bioinformatics analysis with multiple classifiers. Among them, we classified 46 biomarkers which were closely related to patient survival. We looked into the function of these genes via GO and KEGG pathway analysis. Finally, through random survival forests algorithm, we ranked these gene by importance and built a 5-genes-based linear risk score with multivariable cox regression model. Our findings suggest that this risk score is a powerful and arcuate prognostic tool and is promisingly implemented in the clinical setting.
Materials and methods

CRC datasets.
The training and validation datasets were achieved from the Gene Expression Omnibus (GEO, https://www.ncbi. nlm.nih.gov/geo/). GSE9348 (70 CRC and 12 normal, platform GPL570 [HG-U133_Plus_2] Affymetrix Human Genome U133 Plus 2.0 Array) was used as training set for DEGs to distinguish cancerous and non-cancerous samples, GSE44076 (98 pairs of CRC and adjacent normal tissues, platform GPL13667 [HG-U219] Affymetrix Human Genome U219 Array) and GSE44861 (56 tumors and 55 adjacent normal tissues, by GPL3921 [HT_ HG-U133A] Affymetrix HT Human Genome U133A Array) for validation. Three datasets with survival information generated by GPL570 [HG-U133_Plus_2] Affymetrix Human Genome U133 Plus 2.0 Array were introduced for calculating risk score formula. GSE14333 (n=226) was set for training set, and GSE17536 (n=177) as well as GSE29621 (n=65) for validation.
Data preprocessing. All microarray data preprocessing were processed in R software version 3.1.0 using packages from Bioconductor. Raw microarray data (CEL files) of tumors and normal samples were pre-processed with the RMA algorithm using the affy package (16) . Gene expression values were arranged after background adjustment, quantile normalization and summarizing probe values into one expression measure. If multiple probe sets mapping to a same gene, the averages of the probe values were taken as the expression values (17) . Annotations for the probe arrays were downloaded from the GEO database.
Functional enrichment analysis. The GO and pathway functional enrichment analysis was operated by the online software GENECODIS3 to facilitate the interpretation of biological roles of survival related-DEGs (http://genecodis.cnb.csic.es) (18) . The GO functions of the survival related-DEGs were categorized by biological process, molecular functions, and cellular components. Pathway enrichment analysis was based on the Kyoto Encyclopedia of Genes and Genomes (KEGG) database. P 
Results
Identification of DEGs between cancerous and non-cancerous tissues. GSE9348 was used as the training set to identify the DEGs between cancerous and non-cancerous tissues. This dataset included tumors from 70 patients and biopsies from 12 healthy controls. We employed different classifiers, namely Compound Covariate (CC), Diagonal Linear Discriminant Analysis (DLDA), Bayesian CCP (BCCP), Nearest Neighbor (NN), Nearest Centroid (NC) and Support Vector Machines (SVM), to identify specific gene markers. Leave-one-out cross validation was introduced to make the result stable and accurate. After processing, we got 66 DEGs, with high accuracy (classifier error rate <0.1) (data not shown). The distribution of the 66 genes in tumor and non-tumor tissue was clearly demarcated in the GSE9348 dataset (Fig. 1A) . To further confirm the DEGs in cancerous and non-cancerous tissue, the human protein atlas immunohistochemistry database (www.proteinatlas.org) was utilized to visualize the expression. We found that downregulated DEGs like SCN9A, UGP2 and CWH43 were less stained even negative in CRC tissues (Fig. 1B) , while upregulated DEGs as MET, MYC and SHMT2 were high stained in tumor parts (Fig. 1C) .
As classifier CC, DLDA and SVM were linear classifiers, a linear discriminant with weight values could determine the cancerous status of samples. If one gene's weight value in a sample within a certain linear classifier was ω i , and its expression value x i , then Σ i ω i x i> threshold was defined as cancerous. The threshold of classifier CC, DLDA and SVM were calculated as -43.835, -234.08 and 0.409, respectively. The ROC curves of the three linear classifiers confirmed its high effectiveness (AUC=1) (Fig. 1D) . It should be noted that these ROC curves were derived from the training set GSE9348, in which the Σ i ω i x i discriminant of the three linear classifiers was set to compare with a calculated threshold adapting to GSE9348, so the sensibility and specificity was very high (Table I upper) .
Validation of DEGs in independent CRC datasets.
To avoid over-fitting and ensure marker stability, two independent CRC datasets, GSE44076 (98 pairs of CRC and adjacent tissues) and GSE44861 (56 tumors and 55 adjacent tissues) were introduced for verification. The classifiers utilized in GSE9348 worked well in these datasets (Table II) , and the sensibility and specificity of Σ i ω i x i discriminant in classification of cancerous samples were also tested and confirmed (Table I middle and lower). Gene expressions of the 66 DEGs derived from GSE9348 performed a similar style in GSE44076 and GSE44861 (data not shown). The reliability of the three linear classifiers (CC, DLDA and SVM) was guaranteed when they applied to GSE44076 and GSE44861. The AUCs of classifier CC, DLDA and SVM in GSE44076 were 0.9994, 0.9996 and 0.9994 ( Fig. 2A) , while in GSE44861 the AUC values were 0.9253, 0.9292 and 0.9318, respectively (Fig. 2B ).
Survival analysis of DEGs in CRC and their function annotation.
The 66 biomarkers were significant differential genes in CRC, however, whether the expression of these genes were correlated with patient survival was unclear. We used GSE14333 which contained 226 samples with survival information among total 290 patients as the training set for survival analysis. By univariable cox proportional hazards regression analysis and random permutation test, we obtained 46 genes correlated with patient survival (P<0.001) (Table III) .
To elucidate the function of these survival related DEGs, we conducted GO and KEGG pathway analysis and revealed that many genes play an important role in 'response to drug', 'metabolic process', 'cell proliferation', and 'oxidoreductase activity', which were highly correlated to drug resistance, altered cancer metabolism, ROS level and proliferation, and many genes also participated in multiple cancer pathways, such as MYC and CCND1 (Table IV) .
Construction of risk score formula. In order to select the most weighted genes, we utilized random survival forests algorithm (Ntree =1,000, default parameters of Hemant Ishwaran algorithm) (Fig. 3A) , and set the 46 survival related genes as variables in this model. We ranked these 46 genes by their importance after the processing of random survival forests algorithm via R software (Fig. 3B ). Five genes, namely MET, CPM, SHMT2, GUCA2B and SCN9A were selected as the most important candidates (relative importance >0.5). Relative importance means the relative value of a certain gene normalized to the gene MET, which was the most important gene in our random survival forests model (Fig. 3B , and detailed normalized data not shown). To investigate whether the 5 candidates could provide an accurate prediction of survival in CRC patients, the expression data of these genes were fit into a multivariable cox regression model as covariates of the training dataset. We obtained each gene's regression coefficient and then built a risk score formula for each individual as follows:
Risk score =-0.370 * (expression value of CPM)-0.122 * (expression value of GUCA2B) + 0.332 * (expression value of MET) + 0.088 * (expression value of SCN9A) + 0.827 * (expression value of SHMT2).
Cutting off by the median of the risk score, we defined risk score < median as low-risk group, and risk score > median as high-risk group. To assess the reliability of the risk-score formula in predicting patients survival, we ranked all the patients in the training set GSE14333, and divided them into either high-risk group (n=116) or low-risk group (n=113; Fig. 4) . Patients in the low-risk group had a markedly longer overall survival than those in the high-risk group (P=0.001, by Mantel-Cox log rank) (Fig. 4A) . The distribution of the follow-up months of a certain risk score and the live/dead status were shown in Fig. 4B . However, the P-value by Pearson Chi-Square test was 0.109, suggesting no significant difference between the live and dead status of patients with different risk score, indicating that our work was more valuable in predicting patient overall survival (Fig. 4A) , not the final live/dead status. Moreover, the distribution of risk score in lower expression of SCN9A, CPM and GUCA2B as well as higher expression of MET and SHMT2 showed relative homogeneity and stability from patient to patient with high risk score (Fig. 4E upper) .
In addition, we performed multivariable and univariate cox regression analysis to elucidate the relationship between risk score and other factors like sex, age of diagnosis and Dukes stage. It was shown that risk score was the most significant among other factors [P=0.005 (multivarible) and P=0.001 (univariable)], while age (P=0.016) and adjuvant radiation therapy (P=0.021) were univariable factors to prognosis as reported (19, 20) (Table V upper ). These data suggested that the risk score could predict patient survival directly and independently.
Validation of risk score in predicting survival within independent CRC datasets.
To further evaluate the clinical value of this risk score, we used 2 independent CRC datasets GSE17536 (n=177) and GSE29621 (n=65) with survival information. We utilized the threshold in GSE14333 to classify high-risk and low-risk groups. Both datasets showed that high risk score patients had lower overall survival (P= 0.001, GSE17536; P=0.038, GSE29621) ( Fig. 4C and D) . The 5 biomarkers of risk score (MET, CPM, SHMT2, GUCA2B and SCN9A) perform a similar stability in GSE17536 and GSE29621 as in GSE14333 (Fig. 4E middle and lower) . In addition, by multivariable and univariate cox regression analysis, we confirmed that this risk score was the most significant in GSE17536 [P=0.016 (multivarible) and P=0.003 (univariable)], while P-value of other factors >0.05 except age, which was a univariable significant only (P=0.016) ( Table V middle ). In GSE29621, risk score A, GSE14333 was also the most significant (P=0.019 (multivarible) and P=2.73E-05 (univariable)), while N, M stage (TNM staging) and AJCC stage were only univariable significant (Table V lower), as it was easy to comprehend that metastasis and stage was related to patient outcome (21) . These data indicated that risk score could directly predict patient survival.
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Discussion
In the present study, we have identified and verified 46 survival related-biomarkers from 66 DEGs in CRC and then built a prognostic risk score which could be translated into the clinical setting. The 46 survival related-biomarkers mainly located in . (E) Gene expression distribution of the 5 most important biomarkers in low and high risk patients in GSE14333, GSE17536 and GSE29621. Genes in GSE14333 were SCN9A, CPM, GUCA2B, MET and SHMT2 from top to bottom. Genes in GSE17536 and GSE29621 were SHMT2, MET, CPM, GUCA2B and SCN9A from top to bottom. GEO, Gene Expression Omnibus.
cytoplasm, membrane and nucleolus, only a small portion in mitochondria and other sub-cellular parts. Their GO enrichment showed that these genes involved in multiple biological processes such as response to drug, metabolic process, cell proliferation, and positive regulation of cell proliferation. Obviously, these biological processes played a pivotal role in cancer proliferation, drug-resistance, and metastasis, thus further affecting patient survival (22) (23) (24) . Genes like MYC and CCND1 within CRC pathway in KEGG annotation also participated in other cancer pathway as endometrial cancer or chronic myeloid leukemia (25, 26) . After that, we ranked the 46 survival-related genes by random survival forests algorithm and got five most important biomarkers namely MET, CPM, SHMT2, GUCA2B and SCN9A.
Recently, MET was reported gradually upregulated in the development and progression of CRC from normal epithelium to adenoma, colorectal carcinoma and metastases (27, 28) . Although others argued that the increase of MET in metastatic CRC was an acquired response to EGFR inhibition, not a de novo phenomenon (29) , its prognostic value was confirmed by several independent researches (30,31). Moreover, suppressing MET by specific inhibitor or shRNA has a therapeutic role in CRC (32, 33) . CPM was less reported, and only one literature revealed that it was the target of miR-146a which promoted cell migration and invasion in CRC via CPM/src-FAK pathway (34) . It was suggested that CPM has the potential to be a therapeutic target in cancer (35) , but its function still need further discovery. SHMT2 participated in the cellular one-carbon metabolism, and has been implicated as a critical component for tumor survival. Its upregulation was correlated with tumor proliferation in several cancers (36, 37) . Kim et al found SHMT2 activity limits that of pyruvate kinase (PKM2) and reduces oxygen consumption, thus eliciting a metabolic switch that confers a profound survival advantage to cells in poorly vascularized regions (38) . GUCA2B and SCN9A were rarely demonstrated in cancer and more light should shed on their role in CRC. The cause and progression of CRC are complicated and remains to be further elucidated, and we think the rest genes in Table III should have potential value in better interpreting the carcinogenesis and progression of CRC. Moreover, we established a linear risk score as a survival predicting model based on the above five genes by multivariable Cox regression using highly reliable CRC datasets. This risk score predicted patients at high risk of mortality independently and directly in all validation datasets. Although more prospective studies are necessary to further validate the reliability and robustness of this risk score, our work provide an new method toward clinical applications of gene expression profiling in CRC, especially in future personalized prediction and precision medicine.
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